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When do we have the power to detect biological interactions 
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the	 role	 of	 biotic	 interactions	 in	 diverse	 plant	 communities.	 However,	 power	











pattern	 of	 individuals	 (Murrell,	 Purves,	 &	 Law,	 2001),	 and	 allow	
for	 easier	 experimental	manipulation	 (Goldberg	&	Barton,	 1992).	
Multiple	methods	exist	 to	detect	 interspecific	 interactions	but	 in	
non-manipulative	field	conditions	there	are	often	only	two	choices,	
both	of	which	rely	upon	data	where	the	location,	identity,	and	often	
size	 of	 every	 individual	 is	 recorded	 (Wiegand	 et	 al.,	 2017).	 The	
first	option	 is	 to	 fit	growth	and/or	survival	models	 that	 take	 into	







difficult	 due	 the	 large	 number	 of	 parameters.	 As	 a	 consequence	
neighbouring	 individuals	 are	 sometimes	 lumped	 into	 conspecifics	
and	 heterospecifics	with	 the	 potential	 problem	 that	 interspecific	
interactions	 are	 “lost”	 due	 to	 cancelling	 out	 of	weak	 and	 strong,	
and/or	positive,	 and	negative	effects	of	different	 species.	An	ex-








growth	 of	 the	 individuals	 (Flügge,	Olhede,	&	Murrell,	 2012),	 and	
consequently	the	effect	of	 interspecific	 interactions	should	show	
up	as	inter-species	spatial	dependence	after	any	effect	of	the	abi-
otic	environment	has	been	 removed	 (Murrell	 et	 al.,	2001).	Under	
the	assumption	 that	all	pairwise	 tests	are	 independent,	each	pair	
of	species	can	be	assessed	individually,	and	dependent	interactions	












competition,	 implying	 interspecific	 interactions	 are	 generally	 rare,	
or	weak	 (as	discussed	by	Chacón-Labella,	Cruz,	&	Escudero,	2017;	
Luo,	Yu,	Chen,	Wu,	&	Ding,	 2012;	Wang	et	 al.,	 2014;	Wiegand	et	















dence	 for	 all	 communities	 regardless	of	 species	 richness,	whereas	




However,	 both	 the	 low	 frequency	 of	 interspecies	 interac-
tions	and	 the	 relationship	between	 species	 richness	 and	 species	







should	 be	 factored	 into	 analyses	 and	 considered	 when	 designing	 empirical	
studies.
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very	 low	 and	 the	 statistical	 tests	 used	might	 not	 be	 able	 to	 de-
tect	any	interaction,	even	if	it	were	very	strong.	If,	as	is	often	the	
case,	species-rich	communities	have	few	common	and	many	rare	
species,	 then	we	would	expect	 to	detect	 few	significant	 interac-
tions.	Indeed,	several	investigations	have	found	the	frequency	of	
significant	 spatial	 associations	 between	 species	 to	 be	 positively	
related	to	the	abundance	of	both	species	being	considered	(Luo	et	
al.,	2012;	Wang	et	al.,	2014;	Wiegand	et	al.,	2012),	raising	the	pos-
sibility	 that	 interactions	can	only	be	detected	amongst	 the	most	
abundant	species.
For	 all	 tests,	 a	 lower	 limit	on	 the	abundances	of	 species	 to	be	
included	 in	 the	 analyses	must	 normally	 be	 set,	 and	 this	 acknowl-
edges	 there	 is	 a	 limit	 to	 our	 ability	 to	 detect	 even	 strong	 interac-
tions	in	small	sample	sizes.	Previous	investigations	have	used	a	range	
of	 lower	 abundance	 thresholds	 including	 100	 (Flügge,	 Olhede,	 &	
Murrell,	2014),	70	(Wiegand	et	al.,	2012),	30	(Perry,	Miller,	Lamont,	
&	Enright,	2017),	and	even	18	(Chaćon-Labella	et	al.,	2017)	individ-
uals.	However,	 how	and	why	 is	 the	 lower	 threshold	 of	 individuals	
selected?	What	are	 the	 limits	of	our	analyses	 to	detect	significant	
interspecific	interactions?	We	are	unaware	of	any	study	that	inves-













Here,	 we	will	 elaborate	 on	 the	 statistical	 power	 of	 commonly	






the	 species’	 abundances,	 the	 strength	of	 the	 interaction	 (normally	
the	variable	we	are	trying	to	infer,	and	therefore	unknown),	and	the	












species.	 Since	 power	 can	 be	 estimated	 from	Monte	Carlo	 simula-




2  | MATERIAL S AND METHODS
2.1 | Summary statistics for bivariate interaction
Consider	data	for	two	species	labelled	1	and	2	given	as	two	sets	









respectively,	where	 the	 locations	are	observed	 in	a	well-defined	
area.	 We	 will	 call	 the	 combined	 set	 of	 points	 (x1,	 x2),	 a	 bivari-
ate	 point	 pattern,	 and	 refer	 to	 the	 individuals’	 locations	 simply	
as	 points.	 Technical	 details	 are	 left	 to	 Supporting	 Information	
Appendix	A,	but	in	brief	we	assume	that	the	data	generating	mech-
anisms	 can	 be	 described	 by	 some	 processes	X1 and X2,	 and	 the	
goal	 of	 statistical	 analysis	 is	 to	draw	conclusions	 about	 the	pro-
cesses	using	the	observed	set	(x1,	x2).	We	start	by	assuming	that	
the	processes	are	second-order	stationary,	which	means	there	 is	
no	 underlying	 heterogeneity	 in	 the	 abiotic	 environment	 (e.g.	 el-
evation,	 soil	 chemistry)	 that	 also	affects	 the	distributions	of	 the	
species,	and	implies	that	the	statistics	calculated	from	the	data	do	
not	depend	on	any	particular	location	in	the	observation	window	
(see	 Section	 4	 for	 extensions).	 Although	 ecological	 communities	
















The	derivative	of	K12 in r	 is	denoted	by	g12(r),	and	 is	called	the	
cross-	or	partial-pcf.	The	pcf	describes	the	aggregation/segregation	
of	 cross-species	 point	 locations	 at	 distance	 r	 where	 the	 probabil-
ity	of	having	a	species	1	individual	in	some	small	region	and	a	spe-
cies	2	individual	in	some	small	region	distance	r	away	is	relative	to	 
g12 (r)λ1λ2.	 The	 quantities	 are	 scaled	 so	 that	 for	 independent	 pro-
cesses	 the	expectation	 is	K12	 (r)	=	πr
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2.2 | Model generated data for illustration
For	better	understanding	of	the	power	of	bivariate	point	pattern	sta-
tistics,	we	develop	a	 simple	 two-species	model	 for	which	 the	 level	
of	cross-species	aggregation/segregation	can	be	controlled	directly	








are	 thought	 to	 be	 quite	 common	 in	 plant	 communities	 (Freckleton	
&	 Watkinson,	 2002)	 and	 theory	 suggests	 competitive	 asymmetry	
may	 help	maintain	 diversity	 in	 competitive	 communities	 (Nattrass,	
Baigent,	&	Murrell,	2012).	The	locations	of	all	n1	individuals	are	given	
by	 a	 Poisson	 process,	 so	 species	 1	 exhibits	 no	 intraspecific	 spatial	





This	 function	 is	 analogous	 to	 the	 interaction	or	 competition	
kernels	 used	 in	 spatially	 explicit	 birth-death	 models	 (Murrell,	
2010;	Murrell	&	Law,	2003).	The	strength	of	 interspecies’	 inter-
action,	 as	 summarised	by	g12	 (r),	 is	 controlled	by	 the	parameter	
b	≥	−1.	If	−1	<	b	<	0	the	two	species	exhibit	segregation	(g12	<	1),	
if	b	>	0	the	two	species	exhibit	aggregation	or	clustering	(g12	>	1),	
and when b	=	0	 the	 two	 species	 are	 independent.	 The	 reader	
should	note	that	this	model	is	simply	a	pattern	generating	process	
for	illustration,	rather	than	a	mechanistic	model,	and	we	simulate	
patterns	 conditional	 on	 fixed	n1 and n2	 as	we	want	 full	 control	
over	them	(for	the	unconditional	model	the	abundances	are	ran-
dom,	like	in	the	birth	and	death	processes,	see	e.g.	Murrell,	2010).	
























independence	 simulation	 consists	 of	 randomly	 shifting	 pattern	 1	









tationally	 very	 efficient	 relative	 to	 the	MC	 simulations,	 but	 also	
allows	some	analytical	insight	into	what	affects	the	power	of	the	
tests.	The	pointwise	tests	we	will	study	are	comparable	to	simul-
taneous	 tests	 when	 the	 best	 distance	 to	 test	 at	 is	 known	 (see	







geometry	 of	 the	 observation	 area	 (see	 Supporting	 Information	
Appendix	A.3).	At	 a	 short	 distance,	 the	 constants	 reflect	mainly	
the	stochasticity	of	each	point’s	neighbour	count,	 and	when	 the	
distance	 increases	 the	 “censoring”	 of	 the	 neighbourhood	 at	 the	
edge	of	the	finite	observation	window	contributes	additional	un-
certainty.	The	form	given	in	Equation	2	is	exact	when	X1 and X2 are 
distributed	according	 to	a	homogeneous	Poisson	process,	but	as	
we	will	see	later	on	in	Section	3.1,	the	approximation	works	quite	
well	 also	 for	 weakly	 internally	 aggregated/segregated	 patterns.	
Under	 strong	 internal	 aggregation,	 the	 true	 variance	 of	K12 will 
be	higher	 than	 the	approximation	given	by	 (2),	 but	under	 strong	
internal	segregation	the	true	variance	of	the	cross-K will be lower 
than	 given	 by	 (2);	we	 refer	 to	 Supporting	 Information	Appendix	
A.3	for	further	details.	Although	we	focus	on	K12,	the	approach	to	
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approximating	the	distribution	is	nearly	identical	for	g12,	only	the	
constants	are	different.





where P	 is	the	distribution	of	T,	q1−α	 is	the	corresponding	threshold	
value	for	T	so	that	if	T > q1−α is under H0,	then	we	reject	the	null	hy-




















strength.	 Also	 notice	 how	 the	 power	 is	 dependent	 on	 the	 vari-































F I G U R E  1   Top:	Examples	of	the	segregated	bivariate	point	patterns,	b	=	−0.5	and	2τ	=	10,	100	×	100	window.	Bottom:	The	power	of	K12-
based	pointwise	cross-species	independence	tests	when	species	are	segregated	like	in	the	example	patterns.	The	true	power	is	estimated	
using	5,000	repeated	tests	with	199	random	shifts	each




(n1,n2) = (20,20) (30,30) (50,50) (75,75)
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3  | RESULTS
The	 power	 formula	 (Equation	 3)	 is	 a	 good	 approximation	 to	 the	
power	of	the	toroidal	shift	Monte	Carlo	test	(Figure	1).	There	is	very	
little	difference	between	the	test’s	true	power	and	the	approxima-






tic	 bias	 and	 the	 simplifying	 assumptions	 of	 stationarity	 and	weak	
intra-species	structuring.
As	indicated	by	Equation	2,	the	variance	of	the	estimator	for	the	
K12-function	is	increased	when	either	or	both	of	n1 and n2 are small. 
This	means	 that	 both	 the	 imbalance	 in	 population	 abundances	 as	
well	 as	 the	 total	number	of	 individuals	affect	our	ability	 to	detect	
bivariate	interactions.	We	shall	investigate	each	of	these	in	turn,	as	
well	as	the	spatial	distance	of	testing.
3.1 | Power in balanced scenarios and the 
importance of the spatial scale of testing
Figure	1	depicts	the	pointwise	powers	for	different	balanced	(n1	=	n2)	
low-abundance	scenarios	when	data	are	segregated	(aggregated	re-















and	will	 focus	on	this	best	case	scenario	 for	 the	results	presented	














In	 contrast,	 for	 the	 maximum	 possible	 negative	 interaction	
strength	 (b	=	−1),	 a	 similar	 level	 of	 power	 is	 reached	 with	 only	
around	35	individuals	for	2τ	=	10	unit	and	18	individuals	for	2τ	=	20.	
Conversely,	 if	we	have	a	pair	 of	 species	with	n1	=	n2	=	50,	 and	we	
wish	to	be	75%	sure	a	true	positive	is	not	missed,	we	must	hope	that	
the	true	 interaction	 |b| when	coupled	with	short	 interaction	range	




3.2 | Imbalances in species abundance




F I G U R E  2  Power	of	K12-based	pointwise	cross-species	independence	tests	when	abundances	are	balanced	and	testing	is	done	on	the	
best	possible	distance.	Test	level	α	=	5%
2τ = 10 2τ = 20


















































r = 7 for 2τ = 10, r = 14 for 2τ  = 20
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(n1n2)
−1,	and	hence	the	variance,	increases	with	imbalance.	This	re-
lationship	 is	 confirmed	when	we	 use	 the	 power	 formula	 to	 quan-












3.3 | Power at rainforest sample sizes










frequencies	 of	 detected	 interactions	 in	 tropical	 forests	 (Chac´on-
Labella	et	al.,	2017;	Lan	et	al.,	2016;	Perry	et	al.,	2014;	Wang	et	al.,	





Colorado	 Island	 1995	 census	 (https://ctfs.si.edu/webatlas/datasets/







F I G U R E  3  Sample	size	n1 +n2	requirements	if	testing	for	independence	at	level	α	=	5%	with	a	K12-based	pointwise	cross-species	
independence	test	in	the	example	scenario.	Interaction	range	2τ	=	10
n2 n1 = 1 n2 n1 = 5 n2 n1 = 10





















F I G U R E  4  Expected	fraction	of	interaction	detected	per	abundance,	if	all	pairs	of	species	were	to	interact,	and	we	tested	independence	
with	K12	at	optimal	distance
ni ≥ 30, 175 species ni ≥ 100, 137 species


























b = −0.25, 2τ = 10
b = −0.25, 2τ = 20
b = −0.75, 2τ = 10
b = −0.75, 2τ = 20
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the	species	pool	by	 increasing	the	abundance	threshold	naturally	 in-
creases	the	proportions	of	detection,	and	highlights	the	importance	of	
using	similar	 thresholds	when	comparing	different	communities.	 It	 is	
striking	how	little	power	is	to	be	expected	for	most	of	the	species	even	











Understanding	 the	 relative	strength	of	 interspecific	 interactions	 is	
one	of	the	key	goals	of	community	ecology,	and	the	null	model	ap-
proach	has	been	popular	for	characterising	spatial	point	patterns	of	






have	made	a	 first	 step	 in	 closing	 this	 important	 gap	 in	our	under-
standing.	Our	results	clarify	the	quantitative	relationships	between	







Ecologists	have	had	 to	 rely	 largely	upon	 their	 intuition	 for	de-
ciding	the	minimum	population	size	to	include	in	their	analyses	with	
the	 result	 that	 a	 range	of	 criteria	 up	 to	100	 individuals	 (Flügge	et	

























































in	a	 small	area,	but	at	 longer	distances,	 the	effect	of	neighbours	 is	








being	 confined	 to	 10–30	m	 radius	 around	 an	 individual.	 However,	
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little	 is	known	about	how	the	spatial	scales	of	 interspecific	 interac-
tions	 change	 with	 life	 history	 stage,	 environmental	 conditions,	 or	
even	species	 identity	even	though	the	latter	has	been	shown	to	be	






tionary,	 most	 notably	 homogeneous,	 data.	 Most	 recent	 analyses	
have	tried	to	factor	out	the	effects	of	spatial	heterogeneity	 in	the	
abiotic	environment	by	using	inhomogeneous	Poisson	processes	as	
the	null	model	 (Chacón-Labella	et	 al.,	 2017;	Punchi-Manage	et	 al.,	
2015;	Wiegand	et	al.,	2012).	Currently,	it	is	hard	to	predict	whether	
the	power	of	an	inhomogeneous	analogue	of	our	scenario	would	be	
lower	 or	 higher.	On	 the	 one	 hand,	we	 could	 expect	 higher	 power	
to	 detect	 interactions	 because	 the	model	 better	 captures	 the	 un-





nel	 to	 approximately	 remove	 the	 effects	 of	 large	 scale	 structure	
assumed	to	be	caused	by	habitat	associations	(see	e.g.	Wiegand	et	











The	 difficulties	 inherent	 in	 studies	 determining	 significance	 in	 set-
tings	with	relatively	small	sample	sizes,	has	for	example	been	noted	
by	Ioannidis	(2005)	and	Open	Science	Collaboration	et	al.	(2015).	Our	
results	 underscore	 the	 difficulties	 of	 statistical	 testing	 for	 smaller	
sample	 sizes,	 especially	 given	 the	 unequal	 weighting	 between	 the	











that	are	undetected	due	 to	 low	sample	 sizes	could	be	expected	 to	
contribute	little	to	population	dynamics,	especially	if	both	species	are	
quite	rare,	although	the	contribution	of	many	weak	interactions	might	














In	 conclusion,	we	 hope	 our	main	 contribution	 is	 to	 encourage	
more	users	to	consider	explicitly	the	ability	of	the	spatial	point	pat-






tions	across	 large	numbers	of	 species	once	 the	effect	of	different	
powers	to	detect	 interactions	for	pairs	of	species	of	given	popula-
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